
 

 

 

  

Abstract— We present our research in optimal power 

management for a generic vehicle power system that has 

multiple power sources using machine learning and fuzzy logic.  

A machine learning algorithm, LOPPS, has been developed to 

learn about optimal power source combinations with respect to 

minimum power loss for all possible load requests and various 

system power states.  The results generated by the LOPPS are 

used to build a fuzzy power controller (FPC).  FPC is integrated 

into a simulation program implemented by using a generic 

simulation software as indicated in reference [22] and is used to 

dynamically allocate optimal power sources during online drive.  

The simulation results generated by FPC show that the proposed 

machine learning algorithm combined with fuzzy logic is a 

promising technology for vehicle power management. 

 

 

I. INTRODUCTION 

ROWING environmental concerns coupled with the 

complex issue of global crude oil supplies drive 

automobile industry towards the development of 

fuel-efficient vehicles.  Advanced diesel engines, fuel cells, 

and hybrid powertrains have been actively studied as 

promising technologies for future ground vehicles because of 

their potential to significantly improve fuel economy and 

reduce emissions of ground vehicles.  Due to the nature of 

multiple power sources, and the complex configuration and 

operation modes, the control strategy of a hybrid vehicle is 

more complicated than that of a conventional vehicle.  This 

leads to an increasing research activities in vehicle power 

management.   

Most of the vehicle power management approaches were 

developed based on mathematical models or human expertise, 

or knowledge derived from simulation data [1, 2, 3, 4, 5, 6, 7].  

The application of optimal control theory to power 

distribution and management has been the most popular 

approach, which includes linear programming [8], optimal 

control [9, 10, 11], and especially dynamic programming (DP) 

have been widely studied and applied to a broad range of 

vehicle models [10, 2, 12, 1, 13].  In general, these techniques 

do not offer an on-line solution, because they assume that the 

future drive cycle is entirely known.  More recently various 

intelligent systems approaches such as neural networks, fuzzy 
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logic, genetic algorithms, etc. have been applied to vehicle 

power management [7, 14, 15, 16, 17, 18, 19] with attempts 

for online intelligent power control.  A comprehensive 

overview of intelligent systems approaches in vehicle power 

management can be found in [20]. 

In this paper we present our research in the area of 

minimizing power loss in a multi-power-source HEV system 

with applications to heavy duty vehicles: military vehicles,  

construction and utility industry vehicles (for example 

garbage trucks) where the load demand can fluctuate 

significantly and also be of intermittent nature.   We present a 

methodology that uses machine learning to find optimal 

combinations of the energy/power sources for a given load 

request, which leads to a fuzzy power controller that gives 

optimal energy efficiency while satisfying system and 

component constraints. Our research is built on a vehicle 

architecture of multi-power-sources and multi-loads.  

Specifically, we focus on the following four commonly seen 

power sources in vehicle power systems: alternator, fuel cell, 

ultracapacitor, and battery.   

Both the machine learning algorithm and the fuzzy 

controller are fully implemented.   The machine learning 

algorithm, LOPPS (Learning OPtimal Power Sources), learns 

from simulation data about the optimal power source 

combinations for a broad range of possible power requests 

with constraints related to the State Of Charge (SOC) of 

power sources such as batteries and ultracapacitors and the 

system voltage.  Based on the results of LOPPS, a fuzzy power 

controller (FPC) is developed for allocating optimal power 

sources during an online drive cycle.  Based on our 

experiments conducted on two types of drive cycles, one 

simulates heavy and frequent load requests, and the other the 

lower and few load requests.  

This paper is organized as follows.  Section II presents the 

multi-power-source vehicle power system architecture and 

definition of the power management problem in this vehicle 

power system.  Section III introduces the machine learning 

algorithm, LOPPS, Section IV presents the fuzzy power 

controller FPC for online optimal power allocation, Section V 

presents our experiment results and Section VI concludes the 

paper. 

II. A MULTI-POWER SOURCE AND MULTI-LOAD VEHICLE POWER 

SYSTEM 

We are interested in vehicles that have multiple power 

sources and have load requests fluctuate through a drive cycle.  

Mathematically we formulate the power management problem 

as follows.  Let V denote a vehicle power system, V has n 
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different power sources, P_S = {P1, P2, …, Pn},  L different 

load requests at all time, L_R = { Lll ,...,1 }.  We define a 

drive cycle as a sequence of load requests DC = {LR(t) | t ∈  

[0, te]}, where t=te is the ending time of the drive cycle and 

LR(t) ∈  L_R.   We attempt to develop an intelligent power 

management system, F, that makes an intelligent decision at 

time t what power sources are to be allocated, i.e. F (C1, …, 

Cn, LR(t), V_S(t)) = {Pi1, Pi2, …, Pik} ⊆ { P1, P2, …, Pn}, for 

a given request of loads, LR(t), current vehicle power system 

state, V_S(t), and the cost function Ci associated with each 

power source Pi and the cost of power consumption for power 

sources {Pi1, Pi2, …, Pik} is minimum.   

 

 
Figure 1.  The schematic diagram of a multiple power sources and multiple loads system 

 

Figure 1. shows the architecture of a vehicular power 

system architecture used in this research.  A voltage bus is 

used in the vehicle power system, which can be a 42-volt 

system, to connect the power sources to the electric loads. 

The vehicle power system has four power sources, an 

alternator (Alt),  fuel cell (FC), an ultracapacitor (Ucap), 

and a battery(Bat). 

In a conventional vehicle, the alternator is directly 

coupled to the engine’s crankshaft and can be used to 

charge the battery or ultracapacitor, thus help maintain a 

fixed voltage level on the power net.  In an HEV, the 

alternator is referred to as a generator.  So, controlling its 

output power will influence the operating point of the 

combustion engine, and thus the fuel use of the vehicle.  

The most popular fuel cell for vehicles is an 

electrochemical device that combines hydrogen and 

oxygen to produce electricity, with water and heat as its 

by-product.  As long as fuel is supplied, the fuel cell will 

continue to generate power.  Since the conversion of the 

fuel to energy takes place via an electrochemical process, 

not combustion, the process is clean, quiet and highly 

efficient – two to three times more efficient than fuel 

burning.  Research in HEV trucks has been focused on 

using a fuel cell as the primary energy source, a battery 

and/or flywheel to store energy, one or more 

motor–generators to drive the vehicle, and an 

inverter–power distribution system to control the power 

flow between the fuel cell, flywheel, and 

motor–generators[21].  A traditional lead-acid battery has 

been present in vehicles for supplying key-off loads and, 

sometimes, continuous load requirements when the 

alternator itself may not be used efficiently[13].  

Ultra-capacitors are energy storage devices. They use 

electrolytes and configure various-sized cells into modules 

to meet the power, energy, and voltage requirements for a 

wide range of applications.  But batteries store charges 

chemically, whereas ultracapacitors store them 

electrostatically. Although, ultracapacitors are more 

expensive (per energy unit) than batteries, they have a 

much greater instantaneous power capability compared to 

batteries of similar physical size.  An ultracapacitor can 

receive regenerative energy and give power during peak 

periods.  Moreno et al. proposed to use an ultracapacitor as 

an auxiliary energy system in combination with a primary 

source that is unable to accept energy from the regenerative 

braking[22].  There are other power sources that are being 



 

 

 

considered in HEV research [20-22]  and future vehicle 

systems may use combinations of these power sources 

shown in Figure 1 or beyond.  

In this research the following assumptions are made: 

• The power sources and the loads are connected 

through on/off switches. 

• The total load request P is delivered by m 

selected power sources, each delivers P/m to 

the voltage bus. 

• We assume that each power source is 

associated with a cost function of power drawn 

from the power source, which is measured as 

power loss defined as follows: 

o 
k

r

k

g

k

loss PPP −= , where 
k

rP , 
k

gP , 

and 
k

lossP are the power requested, 

power generated and power loss from 

the k
th

 power source. 

 

 
III. MACHINE LEARNING OF LOAD BASED POWER LOSS 

For m power sources there are Κ possible power source 

combinations that can be used to deliver a power to a load 

request LR(t): 
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The objective function for minimizing power loss is 

defined as follows: 

 

))(_,)((

)(_)(_

0
))((

0
)(

0

tSVtLRPLMin

tLossPowerMintLossPowerMin

e

ee

t

t
tLRPS

t

t
tPS

t

t
PS

∑

∑∑

=

==

=

=

 

where PL is the power lost function, V_S(t) is vehicle 

power system state at time t, PS is the power source 

combination function, and LR is the load request made at 

time t in a drive cycle which runs from t=0 to t = te.   

For each power source combination at time t, PS(t) {Pt1, 

Pt2, …, Ptk} ⊆ { P1, P2, …, Pm}, the power loss function at 

time t is: 

PL(LR(t), V_S(t)) = ∑∑
==

−=
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rP = LR(t). 

The vehicle power system state is modeled by the State of 

Charge of the power sources that have functions of charge 

and discharge and the system voltage at the voltage bus.  

For the power system shown in Figure 1, V_S = { SOCUcap , 

SOCBat , Voltagev_bus}. 
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(a) Accumulative power losses of five different power sources during a 

drive cycle 
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(b) System bus voltage function during the simulations during which each 

of the five power source is used. 

 

   
(c) System bus voltage (left) and SOCUcap when an ultracapacitor is the 

only power source used during this simulation. 

Figure 2.  Analysis of power loss, bus voltage and SOC 

 

Figure 2 shows the simulation results of power loss 

analysis with different power sources and SOCs and load 

requests.  Figure 2 (a) shows the accumulative power loss 

curves generated by five simulations, each of which uses a 

different single power source: the dark blue represents the 

simulation in which only the alternator is used, the pink 

curve is when only fuel cell is used, the yellow curve is only 

the battery used, the light blue curve is when the 

ultracapacitor is used, and the maroon curve is when a 

hybrid power source is used in the simulation.  All five 

simulations have the same load request of 13900 W.  These 

power loss curves appear to indicate that the ultracapacitor 

has the minimum power loss.  Figure 2 (b) shows the 

voltage at the power system bus during the simulations.  It 

shows that the system voltage was plummeting during the 

simulation and ended at 25V.  Figure 2 (c) shows an 

additional simulation in which the ultracapacitor was used 

alone with the simulation time extended to 300minutes with 

the same electric load request.  The SOCUcap reached 0 at 

t=300minutes, and so did the system voltage.  These 

simulation results show that different power sources have 



 

 

 

different power loss function and power loss alone is not 

sufficient to measure the system performance, constraints 

must be placed to make sure the system provides good 

quality power service at the same time the power loss is 

minimized. 

 Since the combinations of the multiple power sources 

and the loads in the architecture under consideration form a 

nonlinear system, it is not trivial to optimize the system 

using closed form equations.  Hence a machine learning 

algorithm is developed to learn about the optimal power 

source combinations from simulated data. 

The machine learning algorithm, LOPPS, is developed 

based on the following assumption:  

• There are L different categories of electric load 

requests, which are denoted as L_R and a load 

request in a drive cycle at t LR(t) ∈  LD.  Note 

a load request il  is a combination of the loads 

shown in Figure 1.  

• There is a simulation program that simulates the 

system architecture shown in Figure 1 with all 

the power sources in P_S and loads in LD, 

accurately calculates the power consumption 

and power loss for each power source.  We 

denote this program as MPS_ML. 

• Let PC denote the set of power source 

combinations, i.e. PC = { 1pc , 2pc , …, 

Κ
pc } 

•  The following constraints should be 

incorporated in during system optimization 

o LOWERucap < SOCucap < UPPERucap,  

o LOWERbat < SOCbat < UPPERbat,  

o LOWERv_bus < Voltagev_bus < 

UPPERv_bus,  

 

Algorithm of Learning OPtimal Power Sources(LOPPS) 

Step 1  i =0,  

Step 2  If i ≤  L go to Step 3 else stop 

Step 3 t = 0, j = 0, and set the initial vehicle state: V_S(t) = 

{ Init_SOCucap , Init_SOCBat, Init_Voltagev_bus } 

Step 3.1 For time interval [t, t+ t∆ ] run the simulation 

program MPS_ML to generate power losses for each of the 

Κ power source combinations for the load  request il , 

Step 3.2 Select the power source combination with the 

minimum power loss based on V_S(t) and il  denote it as 

ps
o
(t). 

Step 3.3 Update the SOCs of ultracapacitor and the battery, 

SOCUcap(t+ t∆ ) and SOCBat(t+ t∆ ) based on ps
o
(t). 

Step 3.4 If any components within V_S(t+ t∆ ) are out of 

the bounds, select the next best power combination by 

going back to Step 3.2. 

Step 3.5. Store the best power source combinations in 

OP_PS[i, j], where j is the index of the time intervals during 

the simulation of drive with a constant load  request il .  

Step 4. t = t+ t∆ , j=j+1 and goto Step 3.1. 

Step 5. i = i+1, goto Step 2. 

IV. A FUZZY POWER CONTROLLER 

A drive cycle can be defined in general terms of electric 

loads requested by the driver through the trip.  Figure 3 

illustrates the definition of a drive cycle.  A drive cycle 

starts with a specific electric load for the starting of the 

vehicle, we denote it as “start”, and ends with a specific 

electric load, denoted as “stop,” that is used to turn off the 

vehicle.  The amounts of power requested by “start” and 

“stop” are vehicle dependant but not drive cycle dependant.  

For the ease of description, we will ignore these two load 

requests, assume driver’s load requests begins at time t=0 

and ends at t=te, and  the time duration for these load 

requests are normalized to the percentage of the entire trip 

time te.  In this example the entire drive cycle is composed 

of 10 different load requests, each load request is encoded 

using LRi, i  = 1, …, 10, whose values are shown in Figure 

4. 

 

 

 

 

 

 

 

Figure 3. DC1: a drive cycle defined in terms of load requests. 
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Figure 4. Ten load requests used in our simulation program. 

 

 
Figure 5. Fuzzy membership functions for fuzzy variable SOCB 
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Figure 6.  Examples of fuzzy rules. 

 

 

 

 

 

 

 

 
Figure 7.  DC2: A drive cycle with low electric loads and less frequent requests 

 

 

The objectives of the fuzzy power controller are as 

follows: 

o For a drive cycle, power sources should be 

dynamically allocated so maximum energy 

efficiency or minimum power loss can be 

achieved. 

o At any time during the drive cycle, the fuzzy 

power controller must provide a high level vehicle 

performance, which is measured by delivering 

adequate power as soon as a load request is made 

and the system state must satisfy all three 

constraints discussed in the previous section.  

 

These above two objectives are attained by the use of the 

knowledge about optimal power source combinations 

based on all possible load requests, OP_PS[x, y] generated 

by the machine learning algorithm LOPPS, where x is the 

variable representing load request and y is the variable 

represents the index of the time interval, and OP_PS[x, y] 

contains the optimal power source combination and the 

system power state as the result of using the selected power 

source combination at the time interval index y for the load 

request indexed by x.  The fuzzy power controller is 

designed to map the system power state at time t during a 

drive cycle when a new load request is made to the most 

suitable x’, y’, and use the best power source combination 

stored in OP_PS[x’, y’] to deliver power to the vehicle load 

request made at time t.   

The fuzzy power controller has fuzzy variables to 

represent the SOC of batteries and ultracapacitors and the 

load requests, 1l , …, Ll .  The fuzzy membership 

functions can be defined based on expert knowledge.  The 

solution variable is, y, a fuzzy variable to represent the 

index of the time interval whose SOCs have the best match 

to the current system power state.  For the vehicle power 

system shown in Figure 1 and the 10 load requests shown in 

Figure 4, the fuzzy power controller has 4 fuzzy variables, 

SOCU and SOCB represent the SOC of the ultracapacitor 

and the batter respectively, Mode_a, Mode_b represent the 

ten load requests.  The fuzzy membership functions for 

each fuzzy variable are generated using the fuzzy logic 

toolbox from commercial software [22] and 36 fuzzy rules 

are generated based on the optimal power source 

knowledge contained in OP_PS[x, y].   Figure 5 shows an 

example of fuzzy membership functions for SOC_u and 

Figure 6 shows a few examples of the fuzzy rules.   

When used in online control during a drive cycle, the 

fuzzy power controller has the following computational 

steps. 

Step 1. Let the current time during a drive cycle DC is t, and 

Time slot (%) 

4 10 start stop 

          0                                                                           75                     100 



 

 

 

a new load request, l , has been made by the driver. 

Step 2. Calculate the current vehicle power state (SOCB, 

SOCU), fuzzify the SOCs by mapping them to the 

respective fuzzy membership functions  

Step 3. fuzzify current load request l . 

Step 4. Fire the fuzzy rule that being triggered by the 

fuzzified SOCB, SOCU and l .  Take the consequence of 

the fired rule, T* and extract the optimal power source 

combination from OP_PS[ l , T*]. 

 

V. Experiments 

We have implemented the vehicle power system shown 

in Figure 1 using commercial software tool [22] in a 

program called MPS_ML.  The MPS_ML generated power 

losses for all 15 power source combinations for all 10 load 

requests shown in Figure 4.  The machine learning 

algorithm, LOPPS, is implemented in Visual C++.  LOPPS 

generated the knowledge about the optimal power source 

combinations for every load request at every specified time 

interval that satisfy all three system constraints specified as 

follows: 

LOWERucap = 40% ,  UPPERucap = 95%, 

LOWERbat = 40% ,  UPPERbat = 90%, 

LOWERv_bus = 38w,  UPPERv_bus = 45w. 

 

The fuzzy rule base was generated from the data 

generated by LOPPS that uses a time step t∆  =10, and the 

entire simulation time is 100 minutes in every simulation 

run.  The fuzzy power controller presented in Section III is 

implemented by using commercial software tools [22] and 

is fully integrated into MPS_ML to be used as online power 

allocation function. Two types of drive cycles are used to 

test the performance of the fuzzy power controller, one 

drive cycle simulates heavy and frequent load requests, 

which is shown in Figure 3, and the other the lower and few 

load requests, which is shown in Figure 7.  We compare the 

performance of the fuzzy controller with the default 

controller, which uses all four power sources during the 

entire drive cycle, and an online controller that uses the 

If-then rules based on crispy logic.  The results are shown in 

Figure 8. 

 

 
(a) Accumulative power loss during drive cycle DC1. 

 

 
(b) Accumulative power loss during drive cycle DC2. 

Figure 8.  Comparison of FPC with two other power controllers. 

 

In both experiments, the FPC has the least power loss.  

In the DC1, the load request change occurred frequently 

and requested loads are high; in DC2, the load requests 

occurred only two times and the requested loads are 

much lower than most in DC1.  The reduction of power 

loss in DC1 made by the fuzzy power controller is 28% 

in comparison with the default controller, and the online 

controller had the power loss reduction of 10%.  For 

DC2, the fuzzy power controller gave 60% power loss 

reduction, whereas the online controller had the 

reduction of only 5%. 

VI. CONCLUSION 

In this paper we presented our research results in 

optimizing power loss in a multi-power-source and 

multi-load vehicle power system. A machine learning 

algorithm LOPPS is developed that can learn about optimal 

power source combinations for a given load request at 

various vehicle power states.  A fuzzy power controller 

(FPC) is developed that builds its knowledge base from the 

results of LOPPS.  When FPC is used as the online power 

controller, it showed a large reduction in power loss in 

comparison with the default all-on controller and the online 

controller that uses conventional crispy logic. 
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